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Abstract 
 Urbanization poses a significant challenge for many ecosystems in the United 
States. However, monitoring its impacts requires extensive data and this lack of up-to-
date information makes understanding the impacts of urbanization difficult to assess. One 
area that has seen tremendous growth is the Interstate 85 (I-85) corridor between 
Charlotte, NC and Atlanta, GA, which is known as “The Boom Belt.” Unfortunately, due 
to limited resources from conservation and state agencies, data on land use change and its 
impacts in this area have not been updated since the early 1990s. To investigate how 
urbanization is impacting this region, I conducted a comparative analysis that determined 
how much land within the 12 dominant land cover classes found along the I-85 corridor 
was converted to urban land from 1992 to 2015. In addition, I examined how expansion 
of urban areas and loss of land altered the connectivity of these 12 land cover classes 
across the I-85 corridor. To do this, I compared satellite images from 1992 – selected by 
the South Carolina Department of Natural Resources for their Gap Analysis (which 
represents the most up-to-date assessment of land use in the state) to those from similar 
seasons in 2015 that cover the exact same geographic areas. Using these satellite images, 
I then assessed changes in both urban land conversion and habitat connectivity in these 
12 land cover classes, by determining if there were shifts in Normalized Difference 
Vegetation Index (NDVI) values between 1992 and 2015. Using this approach, I found 
three interesting results. First, there have been relatively small absolute losses of land in 
each of my 12 land cover classes. However, I also found that not all classes are being 
impacted equally by urbanization and that land conversion may be selectively targeting 
specific land cover classes such as grasslands. Finally, and perhaps most importantly, I 
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also determined that 10 of the 12 major land cover classes changed in their connectivity 
from 1992 to 2015 and became increasingly clustered like small, isolated islands along 
the I-85 corridor. At first glance these findings were somewhat surprising in that they 
reveal small losses in land to urbanization over the past two decades. However, they also 
indicate that while these losses are minimal, these minor changes may be occurring 
disproportionately in some land cover classes and that increasing isolation from other 
habitats may be an important consequence of land use change in South Carolina. 
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Introduction 
 Recent research has shown that land-use change and alteration of habitats for 
human needs has been steadily increasing over time and that there are few locations 
around the world that have not been severely impacted by people (Vitousek et al. 1997; 
Scheffer et al. 2001; Foley et al. 2005; Haddad et al. 2015). Some of the major effects 
that have been documented from land-use change that are of concern to conservation 
practitioners are severe declines in biodiversity (Sala et al. 2000; McGill 2015), 
alterations in ecosystem functioning (Vitousek et al. 1997; Lawler et al. 2014), and 
differential loss of habitats and changes in connectivity (Kareiva & Marvier 2003). As a 
result of these impacts, research on land-use change has increased in many geographic 
locations around the world. However, despite this increased focus, many areas of 
conservation concern are still severely lacking localized information about how land-use 
change may differentially impact ecosystems and alter habitat connectivity over time. 
 As urbanization and agricultural land conversion continues across the United 
States, it may be surprising that many local areas lack the information needed to assess 
how these changes impact natural habitats. However, this may be in part because much of 
the research about land-use change occurs at larger spatial scales, focusing on regional, 
national and even global importance (e.g. Foley et al. 2005; USGS Gap Program 2016). 
While large-scale studies help to garner support for conservation initiatives, land-use 
change is an inherently local process. Therefore, understanding the full scale of its 
impacts requires fine-scale data on the physical characteristics of local ecosystems, the 
species that live within it, and how these habitats are distributed geographically 
(Stohlgren et al. 1998; Wilbanks & Kates 1999).  
2 
 
 Another reason for the lack of information on the impacts of land-change at local 
scales may be the availability of data. Despite advances in technology such as satellite 
imagery, comparing changes in specific areas over time requires analysis of extensive 
amounts of data that has often been collected at different spatial scales and for different 
purposes (Sleeter et al. 2013). For example, early national-scale satellite imagery utilized 
coarse resolution sensors focused on individual habitat types (Loveland et al. 1991; 
Dobson et al. 1995), while recent efforts use remote sensing techniques that produce 
high-resolution data at much smaller spatial scales (Sleeter et al. 2013; USGS 2016). 
Despite these challenges, my research seeks to improve our understanding of how land-
use change can differentially impact ecosystems in areas with high levels of urban 
development. 
 One area that is ideal for addressing the impacts of urbanization over time on 
different ecosystems is the state of South Carolina. One reason for this is that the South 
Carolina Department of Natural Resources (SC DNR), which is the governing body in 
charge of advocacy and stewardship of South Carolina’s natural resources has stated that 
habitat destruction and conversion are the two main challenges to conservation in the 
state (SC DNR 2015). This is, in part, because the area of urban land in the state has more 
than doubled over the past 40 years from 4,000 km2 in 1968 to over 10,000 km2 in 2006 
(Conner 2011). Also, despite being ranked 40th in total land area, South Carolina ranks 
10th in the rate of urbanization (Landscope 2012). South Carolina currently has minimal 
land protection, with nearly 80% of all land in the state privately owned, and only 5% 
protected as part of national forests (Conner 2011). Furthermore, larger cities in South 
Carolina such as Charleston, Columbia, and Greenville/Spartanburg are showing extreme 
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rates of urbanization, increasing pressure and time restraints for conservationists to 
protect these rapidly changing areas of natural landscape (Allen & Lu 2003; SC DNR 
2015). 
 To date, the state of South Carolina has conducted two major conservation efforts 
to assess the impacts of land-use and identify conservation priorities across the state: the 
2001 GAP Analysis (SC DNR 2001) and the 2015 State Wildlife Action Plan (SWAP; 
SC DNR 2015). For the 2001 Gap Analysis, SC DNR, in conjunction with South 
Carolina Cooperative Fish and Wildlife Research Unit, used satellite data from 1992 and 
field research efforts from 1995 and 1996 to determine the distribution of biodiversity 
and major habitats across the state. In this analysis, the two agencies identified the 
distribution patterns of 27 major classes (see Appendix A) of habitat across the state 
(referred to as land cover classes), the distribution and abundance patterns of 455 
vertebrate species, and the stewardship classifications, which identify the level of 
protection for differing habitats and who governs their protections (GAP 2001). The 
National Gap Analysis Program (GAP), started by the United States Geological Survey, 
compiles this distribution, abundance, and stewardship information into maps that help to 
identify areas in need of further protection based on comparisons between biodiversity 
hotspots and current protection areas (Jennings 2000). Interestingly, the South Carolina 
Gap Analysis found that none of the 27 land cover classes had more than 50% of the 
habitat in protected areas (SC DNR 2001), which indicates the majority of land cover 
classes in South Carolina have no permanent protection or management plans.  
 In addition to conversion of land to urban area, another key challenge in assessing 
land-use change over time is how the development of transportation and urban corridors 
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impacts habitat connectivity (Alexander & Waters 2000; Bennett et al. 2011). Road 
systems, like other sources of urban infrastructure, can act as a significant boundary for 
wildlife, decrease population genetic diversity by isolating populations from each other, 
and leave species susceptible to the negative effects of habitat fragmentation (Stephens & 
Sutherland 1999; Epps et al. 2005; Strasburg 2006; Vangestel et al. 2012). The physical 
boundaries created by roads create isolation between populations and subpopulations of 
wildlife that may otherwise have been able to interact and breed (Epps et al. 2005; 
Vangestel et al. 2012). Reduced habitat connectivity results in significantly altered 
behavior of migrating populations, where emigration and immigration between 
populations decreases as habitat connectivity decreases (Baguette & Van Dyck 2007). 
Roads, specifically, significantly alter the population dynamics of wildlife, where fewer 
individuals cross roads to emigrate, and those that do often cannot return (McGregor et 
al. 2007; McClure et al. 2013). This results in populations suffering from an Allee effect, 
in which small populations that have reduced or no genetic flow between them 
experience decreased survival and fitness (Stephens & Sutherland 1999). This effect may 
be exacerbated by patch size and shape, where smaller, simpler shaped patches of 
habitats in addition to Allee effects may significantly reduce population sizes (Alharbi & 
Petrovskii 2016). 
 Wildlife populations that experience habitat fragmentation due to roads and other 
anthropogenic destruction may also become trapped in an extinction vortex (Brook et al. 
2008). This pattern is referred to as a vortex because populations decrease (as would 
naturally occur when habitat becomes fragmented) and biotic and abiotic factors within 
the environment become variable and the population becomes more susceptible to local 
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extinction (Gilpin & Soule 1986). In the case of development of road systems, these 
fragmented, vulnerable populations are also exposed to the changing ecological 
consequences of road systems such as increased pollution and runoff, and edge effects 
which in turn can further decrease their population sizes to the point of local extinction 
(Trombulak & Frissell 1999). 
 One example of an animal species that is currently experiencing this type of 
decline as a result of urbanization is the Florida panther (Felis concolor coryi) (Maehr 
1999). A key reason for this decline is that the Florida panther has a very large home 
range and the amount of land required to protect a sustainable population size overlaps 
considerably with many roads and cities in its native habitat in South Florida (Kautz et al. 
2006). Because of this, Florida panthers have continued to experience many negative 
effects from habitat fragmentation and anthropogenic disturbance, including severe 
inbreeding (Johnson et al. 2010). Because urbanization can have significant effects on 
habitat connectivity and subsequently on population dynamics, gene flow within species, 
and biodiversity as a whole, it is critical that we understand its long-term impacts in 
rapidly developing areas. Furthermore, increasing our knowledge on this topic may allow 
conservation practitioners and land managers to protect corridors that can increase the 
gene flow of species that persist in these habitats and mitigate the damage to sensitive 
species. 
In regard to connectivity, South Carolina also provides an ideal study setting 
because there are over 96,000 km of public roads and the number of roads has 
substantially increased over time (SCDOT 2016). One major corridor of concern that 
may influence habitat connectivity in South Carolina is along the Interstate 85 (I-85) 
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highway, which spans from just north of Atlanta, Georgia to just south of Charlotte, 
North Carolina. Within South Carolina, I-85 is approximately 170 kilometers long and 
was credited with major economic growth along its edges in the 1960s, earning it the 
nickname “The Boom Belt” (USDOT 2015). The development of this area may be 
attributed to the high levels of urban sprawl, as both Charlotte and Atlanta are among the 
ten most sprawling cities in the United States (Hamidi & Ewing 2014). To date, there 
have been no attempts to determine the effects of this changing land-use on land cover 
classes and habitat connectivity. 
 Given the known impacts of urbanization on areas that are rapidly expanding and 
the boom of road systems in South Carolina, it is essential to analyze how the I-85 
corridor has been impacted over the past two decades. In addition, while the GAP 
Analysis for the state of South Carolina has already been done, it has not been 
significantly updated since 2001 and it relies on data from 1992. Therefore, habitat along 
this corridor may have been significantly lost due to conversion to urban area, and the 
conversion of natural land to urban land may significantly alter habitat connectivity, 
effectively putting the species that live in these ecosystems at risk. While a more recent 
GAP Analysis has probably not been conceived due to the amount of time and money 
this data collection would require, comparative efforts using historical satellite data 
comparisons are becoming more commonplace for assessing changes in land-use over 
time (Matthias & Martin 2004; Lunetta et al. 2006). In this study, I aimed to utilize this 
comparative approach with satellite imagery to provide an update about how land use 
change has impacted ecosystems and connectivity across the I-85 corridor. 
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 To accomplish these goals, my research approach sought to answer three basic 
questions: 
1. How much habitat has been converted to urban land in the dominant land 
cover classes found along the I-85 corridor in South Carolina? 
2. Are the major land cover classes found along the I-85 corridor in South 
Carolina being differentially impacted by urbanization? 
3. How has urbanization altered habitat connectivity in the dominant land cover 
classes found along the I-85 corridor? 
Methods 
Study Area 
 The study area for this project was the Interstate 85 (I-85) from the North 
Carolina/South Carolina border to the South Carolina/Georgia border with a 20km buffer 
zone along each side of the interstate (Figure 1). I utilized a 20km buffer because this 
distance has been utilized in previous studies characterizing the impact of land-use 
change on mammals (Benitez-Lopez et al. 2010). I chose this study site for two main 
reasons. First, because it was part of the study conducted by the South Carolina 
Department of Natural Resources in which they used satellite imagery (from 1991/1992) 
to generate land cover class data across the state of South Carolina and thus provides 
critical baseline data that I could use for comparisons to current satellite imagery. The 
second reason was because the South Carolina Department of Transportation suggested 
that this corridor was likely to experience significant levels of urbanization and 
population growth over the past two decades (SC DOT 2016).  
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Satellite Imagery 
I collected satellite imagery data for my comparative analysis from two sources. I 
first identified satellite images from 1991/1992 that were utilized in the SC GAP analysis 
to characterize land cover classes. This initial data set classified habitat into land cover 
class data, which were then reported in 30m x 30m pixels, and then placed into 27 
specific land cover classes using the guidelines provided by the National Vegetation 
Classification System (NVCS) and United States Geological Survey GAP Program 
(USGS 2001; Appendix A). The second satellite imagery set that I selected was from 
2015 and overlapped in geographic area and season with the 1991/1992 SC DNR data.  
I chose this imagery because using SC DNR’s data would allow me to most 
accurately compare land use patterns from 1992 to current imagery from nearly two 
decades later, thereby providing a more up-to-date representation of land cover classes 
along the I-85 corridor in 2015. To collect the 1991/1992 data, I downloaded each land 
cover layer from SC DNR GAP and cropped it to my I-85 study area with the 20km 
boundary using the software program ArcGIS. This process reduced the number of land 
cover classes to 20 from the original 27 present within the state – as seven of these were 
not found along the I-85 corridor. Of these 20 land cover classes, I then excluded an 
additional eight because they were present in such small amounts of total area (less than 
1km2) that including them in my statistical analyses would have shown abnormally high 
percentages of loss within these eight classes. As a result, I examined the impacts of 
urbanization in the 12 major land cover classes found along the I-85 corridor (Table 1; 
Figure 2). 
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Measuring Impacts of Urbanization With Vegetative Indices 
 To assess impacts of urbanization along the I-85 corridor from 1992-2015, I 
compared changes in the Normalized Difference Vegetation Index (NDVI) from 1992-
2015 within each of the 12 dominant land cover classes. Using NDVI as a proxy for land-
use change is a common approach in many studies that assess the impacts of urbanization 
(Matthias & Martin 2004; Lunetta et al. 2006; Wang et al. 2014). NDVI measures the 
visible (red) and near-infrared light reflected by vegetation in satellite images. Live 
vegetation absorbs energy in the visible red portion of the electromagnetic spectrum and 
reflects strongly in the near-infrared portion (Knipling 1970). NDVI can be 
mathematically calculated to quantify the density of plant growth using the following 
formula: 
NDVI = (NIR – VIS) / (NIR + VIS) 
where NIR is near-infrared radiation and VIS is visible (red) radiation. These values can 
range from -1 to +1, where +1 is the maximum possible density or “greenness” of a pixel 
(NASA Earth Observatory 2016). As a result, they provide a simple and easy-to-
understand comparative metric that can be used to analyze land-use change over time 
(Wang et al. 2014). 
In order to calculate NDVI within each of the 12 dominant land cover classes, I 
used Landsat satellite images from four timeframes (see Table 2). The Landsat data were 
identified and downloaded using the United States Geological Survey’s (USGS) Earth 
Explorer interface (USGS 2017). Earth Explorer is an online tool that allows users the 
ability to find, search, and download a variety of geospatial data. The study area was not 
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contained within a single Landsat scene, so two images were required for each time 
period. The first two were from the spring of 1992 (representative of GAP 2001 data), 
and collected by Landsat 5 (Thematic Mapper). The latter two were collected from the 
late spring/early summer of 2015 by Landsat 8 (Operational Land Imager). All dates 
chosen had less than 90% cloud cover, and in combination covered the entire I-85 
corridor within South Carolina’s border (dates shown in Table 2). The images for 1992 
and 2015 were mosaicked together (i.e. placed into the same file to create overlapping 
satellite imagery) in the software program ArcGIS to form one complete raster dataset to 
be used for further analysis. 
 Using these satellite images from my four time frames and my mosaicked images, 
I then calculated the NDVI for each individual 30m x 30m pixel for each land cover class 
in 1992 and 2015. This was accomplished by extracting each land cover class into its own 
raster layer prior to calculating NDVI values. Each individual NDVI raster layer was then 
converted to a point file. The point file generated was located at the centroid of the raster 
cell and the value associated with the point was the NDVI value. Attribute tables were 
then created for all land cover classes outlining the NDVI for each year and the NDVI 
Change from 1992 to 2015 (See Appendix B for example). For each land cover class, I 
calculated the average NDVI, standard deviation, and standard error.  
Habitat Loss in Dominant Land Cover Classes 
 To determine the amount of land lost from 1992-2015 for each of my land cover 
classes, I used what is referred to as a cutoff value (USGS 2016). NDVI values above 
each cutoff value would represent those pixels that remained within a given land cover 
class (e.g. remained covered in vegetation), while values below each cutoff value 
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represent values that are no longer vegetated enough to qualify as the given land cover 
class and thus are considered to be urbanized (USGS 2016). For the purposes of this 
study, I utilized two cutoff values. The first cutoff value is described in the USGS 
Remote Sensing Phenology guidelines for usual NDVI ranges (see Table 3; USGS 2016). 
Using this as a guideline, the minimum value for any vegetation is 0.2, meaning that 
above an NDVI value of 0.2, at least some vegetation is present. For the purposes of this 
study, we considered this value to be a conservative estimate of land-use change and 
potential habitat loss, because it does not differentiate between variation in types of land 
cover classes (e.g. it may not be possible to tell if a forest was converted to agricultural 
land). Using the USGS vegetative cutoff, I then determined the total amount of area 
found in each of my land cover classes (i.e. the number of 30m x 30m cells) in 1992 and 
then compared this to the total number 2015 that had NDVI values higher than 0.2. Using 
these data I calculated both absolute amounts and percent losses of land within each land 
cover class. 
For the second NDVI cutoff value, I calculated a metric that I believed would 
help me to conduct a more sensitive analysis for what is happening within my 12 land 
cover classes individually. To do this, I first determined the mean NDVI values from 
1992 for each land cover class along with their standard deviation (Table 1). Using this 
approach, I then subtracted two standard deviations from the mean and used this value as 
a cutoff that was specific for each individual land cover class. My rationale for this 
approach is that because I could expect that, based on a normal data distribution, 95% of 
my NDVI values will fall within these two standard deviations, so anything below this 
value would represent a significant change in vegetative structure. Using this approach, I 
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then determined the total amount of area found in each of my land cover classes (i.e. the 
number of 30m x 30m cells) in 1992 and then compared this to the total number in 2015 
that had NDVI values higher than my two standard deviation cutoff for each of the 12 
land cover classes (Table 1). Using these data I calculated both absolute amounts and 
percent losses of land within each land cover class. 
After determining the absolute amount and percentage of land lost in each land 
cover class, I performed a Spearman Rank Correlation using the VassarStats program 
(VassarStats 2017) to determine if there was a relationship between starting land cover 
(area) and percent loss. I utilized this approach instead of linear regression because the 
1992 land cover class area appeared to be inversely related to the percent of area lost. In 
addition, this approach allowed me to determine whether land cover classes are being 
impacted equally, as we may expect that if land use change was uniform across the 
landscape and impacted all classes equally, those with lower amounts of habitat in 1992 
would be more heavily impacted than those with higher amounts of habitat in 1992.  
One potential concern with utilizing NDVI is that it represents a snapshot in time 
and that comparing two ears can be problematic if environmental or biotic conditions 
vary significantly. Therefore, it is possible that some of the land I calculated as being lost 
based on NDVI values has simply decreased in greenness because of year-to-year 
seasonal variations or climactic changes rather than truly being converted natural to 
urban. In order to account for this, I calculated a novel metric to help me analyze what 
proportion of the habitat loss within a land cover class could be explained by variation in 
NDVI values (between 1992 and 2015 due to weather or other factors) and what could be 
explained by actual urbanization of the land. To do this, I took the overall mean NDVI 
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change between the two years and subtracted the mean change for the cutoff value. This 
value provided me with the amount of NDVI change that could be attributed to true land-
use change because these values would still be considered vegetated to some degree. The 
remaining value from the original subtraction could be attributed to variation in NDVI 
values between years. For this analysis, I utilized the same approach with both of my 
cutoff values. 
To further assess the validity of utilizing NDVI from these two time points and to 
make sure that these were not outliers in terms of environmental conditions I examined 
variation between precipitation levels from 1992 to 2015. To do this, I utilized two 
approaches. First, I utilized a paired t-test (VassarStats 2017) to determine if there was a 
difference in monthly precipitation levels between January to May of 1992 and January 
to May of 2015. In addition, I also utilized a paired t-test (VassarStats 2017) to see if 
there was a significant variation in the monthly values in 1992 and 2015 (January to 
May) from average monthly precipitation values (calculated for 1981-2015; Appendix 
C). 
Changes in Habitat Connectivity Over Time 
 To assess the impacts of urbanization along the I-85 corridor on habitat 
connectivity within each of our 12 land cover classes, I also conducted a Nearest 
Neighbor Analysis. Nearest Neighbor Analyses are useful in analyzing the spatial 
relationship between features because they indicate whether data points are becoming 
more clustered or isolated from each other over time (Clark & Evans 1954). The 
algorithm used creates an index based on the average distance from each feature to its 
nearest neighboring feature of the same type, thus analyzing the amount of clustering 
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across a landscape based on an average random distribution. A decreasing ratio from 
1992 to 2015 would indicate clustering in land cover classes (i.e. becoming more isolated 
like islands), while an increasing ratio would indicate dispersal in land cover classes (i.e. 
becoming more evenly distributed across the landscape). In my case, increased clustering 
would indicate decreased connectivity of a land cover class within the I-85 corridor 
landscape and a potential shrinking of overall available habitat. I hypothesized that more 
of my 12 dominant land cover classes would become increasingly clustered over time, 
and therefore less connected. To assess this, I utilized a Chi-Squared Goodness of Fit 
Test (VassarStats 2017) and counted the number of land cover classes that increased in 
their Nearest Neighbor Ratio versus those that decreased in their ratio. If we found that 
land cover classes were becoming significantly more clustered, it would mean that over 
time, individual land cover classes were becoming patchier, with small portions of the 
land cover class isolated from each other throughout the study area. All spatial analyses 
were done using ESRI’s ArcGIS, a powerful mapping and spatial analytics software 
application. In addition to the base GIS product, I used functionality of the Spatial 
Analyst and Image Analysis Extensions. 
Results 
Habitat Loss in Dominant Land Cover Classes 
 Across all land cover classes, NDVI decreased from 1992 to 2015, indicating area 
loss within the study area (Figure 3). All but one land cover class (mesic mixed) showed 
greater levels of habitat loss in the two standard deviations cutoff than the USGS cutoff 
of 0.2. While area loss appears to be related to the total area of the land cover class in 
1992, Figure 4 shows a different relationship. Here, the dry mixed land cover class (with 
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smallest starting area) had the highest percent of land loss at approximately 18%, while 
mesic deciduous had approximately 8% loss from 1992 to 2015. It is important to note 
that Figure 4 shows the smaller land cover classes have higher percentages of area being 
lost. In addition, the percent of area lost across all land cover classes and for both cutoff 
calculations is not significantly correlated to the total area of each land cover class in 
1992, indicating land cover classes are not being impacted equally (see Figure 5; 2 
standard deviations cutoff: rs=0.021, p=0.246848, df=10; USGS cutoff: rs=-0.3636, 
p=0.945574, df=10).  
Potential Challenges With NDVI Values 
 An important component of this study was disentangling how much of the 
changes in NDVI values from 1992-2015 (which we used as a proxy for habitat loss) 
resulted from urbanization versus seasonal variation. Using the calculations described 
above, I determined that for both of my cutoff values, more than 50% of the NDVI 
change was not actually a result of urbanization, but was instead a product of seasonal 
variation in NDVI values from 1992-2015 (11/12 sites using both cutoffs; Figure 6).  
 In order to determine whether there were differences in rainfall levels between my 
study years that could have contributed to the NDVI changes due to seasonal variation, I 
conducted a paired t-test analyzing January to May precipitation in 1992 and 2015, and 
found no significant differences (t=1.16, df=8, p=0.27; Appendix C). In addition, I found 
no significant differences between 1992 and 2015 in terms of variation from mean 
monthly values (t=-1.03, df=8, p=0.33; Appendix D). 
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Changes in Habitat Connectivity Over Time 
 Across all analyzed land cover classes, nearest neighbor ratios indicate increasing 
clustering over time, with only Pine Woodland and Dry Mixed land cover classes ratios 
decreasing (X2 = 5.334, df=1, p < 0.05). It is important to note that the largest decreases 
in nearest neighbor ratio value were for the largest land cover classes, and the two 
increasing values were for the two smallest land cover classes in the study area (Figure 
7).  
Discussion 
 This research project focused on analyzing how urbanization has impacted the 
dominant 12 land cover classes and habitat connectivity along the I-85 corridor in South 
Carolina over the last two decades. To do this, I used NDVI as a proxy for land-use 
change and satellite imagery along the I-85 corridor in order to determine how much 
habitat was converted to urban land from 1992 to 2015 and whether land cover classes 
were differentially impacted by this urbanization. I also analyzed the connectivity of 
these 12 land cover classes after accounting for the amount of land that was lost. Using 
these data, I was able to identify the overall impact of urbanization on the I-85 corridor 
over the last two decades. 
 The first major question I asked was how much habitat was lost due to 
urbanization in each of my 12 land cover classes. In my analysis, I determined that all 
land cover classes along the I-85 study area showed some loss in habitat resulting from 
urban expansion (Figure 3). Using my two cutoff values, I estimate that somewhere less 
than 300km2 of total habitat was lost (which represents less than 5% of the total study 
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area). This result is not surprising given that the study area was not increasing over time, 
and therefore I would not expect any land cover classes (other than urban area) to 
increase in area throughout the study period. 
It is also important to note that overall, the percent of each land cover class lost 
from 1992 to 2015 also remained small (Figure 4). This result was different than 
expected; I expected to see that natural land cover classes would have significantly 
decreased in percentage because of the amount of urbanization and development that is 
known to be occurring in the area. Interestingly, another recent study that analyzed 
nighttime light imagery found only a 4% increase in urban area from 1992 to 2010 across 
the entire Southeast United States, and found that population growth was not correlated to 
urban area increases (Li et al. 2016). This indicates that the patterns of urbanization in the 
Southeast, and South Carolina specifically, may be more complex than previously 
assumed. 
 The Interstate-85 corridor between Charlotte, NC and Atlanta, GA within South 
Carolina borders earned the nickname “Boom Belt” in the 1980s because of the 
exponential increase in development at this time (USDOT 2015). It is possible, then, that 
much of the significant development along this corridor may have occurred before 1992. 
If this is the case, I may not have seen a significant loss in natural landscape over the past 
three decades; I may have seen a more significant area loss had I used data from the late 
1970s or early 1980s before most development had taken place. 
 The second question that I focused on answering was about whether individual 
land cover classes are being differentially impacted. While the amount of actual natural 
land loss was not as high as originally expected, I discovered that land cover classes are 
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being impacted unequally. If classes were being impacted equally, I would have expected 
that the larger classes had a proportionally smaller percentage of loss. If habitat loss is 
occurring randomly, the larger the land cover class originally was, the less chance there 
would be to significantly impact the overall area by urbanization. However, if specific 
land cover classes (e.g. grasslands) are targeted for development then we may see a 
different pattern. In my study, I expected that smaller land cover classes would have a 
higher percentage of loss because any disturbance or loss of a small area should result in 
a higher relative area loss. However, the data analyzed from 1992 to 2015 did not show a 
significant correlation between total land cover class area and percentage of area lost, 
indicating that land cover classes are being impacted differentially (Figure 5). The 
grassland land cover class showed a much different pattern of land-use change than the 
other classes within the study area, as was apparent when analyzing seasonal variation 
(Figure 6). One suggestion for why this may be the case is that grasslands are much more 
susceptible to variation in seasonal moisture levels than other habitat types (Fay et al. 
2008). Another reason grassland may have responded differently than other land cover 
classes is because grasslands may be targeted by developers because they require less 
effort to clear for building, and therefore may be more susceptible to conversion. 
 My final analysis focused on addressing how urbanization across the I-85 corridor 
impacted habitat connectivity. To answer this I used a Nearest Neighbor Analysis as a 
proxy for connectivity, where I expected to see decreasing ratios from 1992 to 2015 and 
habitats becoming more isolated islands over time. Interestingly, and perhaps most 
importantly from this study, I determined that all but two land cover classes have become 
less connected to each other over time. This indicates that the way in which land is being 
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converted may be a more important consideration for conservation in 2015 than the 
actual loss of natural land. Roads such as Interstate 85 and cities such as Greenville and 
Spartanburg act as physical boundaries to wildlife, which has profound conservation 
implications. 
The manmade physical boundaries that result from urbanization and development 
in this area over time can cause increased pressure on wildlife even in areas where only 
small amounts of land have been lost. This is because despite the fact that little land has 
been lost, there has been a decrease in connectivity between habitats across the I-85 
corridor and the potential for loss of mobility for many species between these habitats. 
Furthermore, the addition of these artificial boundaries may cause decreased genetic flow 
between populations of wildlife and reduce their overall fitness, leaving them susceptible 
to local extirpation and possibly the Allee effect or an extinction vortex (Gilpin & Soule 
1986; Stephens & Sutherland 1999; Coulon et al. 2004; Clark et al. 2010; Alharbi & 
Petrovskii 2016). One potential species where this may have already happened is the 
Eastern Cougar (Puma concolor couguar), which was once present within the I-85 study 
area, but was declared extinct by the United States Fish and Wildlife Service in 2015 
(USFWS 2015). This species, similar to the Florida panther discussed previously, 
suffered from deleterious genetic effects related to habitat degradation across the Blue 
Ridge Mountain region (Leonard et al. 2016).  
One potential solution that has been proposed to help with losses of habitat 
connectivity from road development are wildlife overpasses and underpasses. These 
conservation tools are growing in popularity because they attempt to increase the 
connectivity of a landscape while also reducing wildlife-vehicle collisions (Corlatti et al. 
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2009). To date, these overpasses have been primarily used in the western United States 
currently, but Florida is being targeted for utilization of this approach in an attempt to 
rehabilitate Florida panther populations (Downs et al. 2014). These overpasses and 
underpasses are controversial due to the significant expense in creating them, but cost-
benefit analyses show that annual collision and human fatality costs resulting from 
wildlife-vehicle conflicts are less than the cost to protect important wildlife corridors 
(Bissonette et al. 2008). As a result, wildlife overpasses may provide one conservation 
option to land managers in South Carolina looking to protect species at risk of deleterious 
effects of habitat fragmentation, even in areas where road development is expanding. 
One caveat of this study is that using NDVI as an estimation or proxy to measure 
area loss has inherent limitations because of seasonal and climatic variability (Carlson & 
Ripley 1997). The calculation of NDVI loss versus seasonal variation (Figure 6) showed 
that there may be a significant amount of land use change attributed to variation between 
these years. Studies have shown that NDVI is better used in combination with site-
truthing and other proxies such as rainfall and biomass data (Western et al. 2015). 
However, data taken from the National Weather Service for 1992 and 2015 show 
relatively normal to slightly elevated precipitation levels, indicating that seasonal 
variation due to drought is not a likely explanation for the loss calculated in this study 
(Appendix C; National Weather Service). While future studies could, and should, site-
truth this corridor of development, this study gives a good first look at the impact 
urbanization may be having in the study area. Based on our data, it is likely the case that 
some amount of land attributed to true loss is due to variation, and some amount 
attributed to variation is due to true loss. 
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 Moving forward, it is important for researchers and government officials to 
continue to periodically update the available data on land cover class distributions along 
I-85, and South Carolina in general, in order to make informed conservation decisions. 
While we may not have lost a relatively large amount of land since 1992 when the 
original SC DNR data was collected, it is apparent that urbanization in the area is having 
important effects on habitat connectivity along the I-85 corridor. If this trend of habitat 
isolation continues, we may see more clear impacts on wildlife distributions and 
population sizes in these heavily human-altered areas.  
 Many land-use change studies are conducted at a regional, country-wide, or even 
global scale (Foley et al. 2005; USGS Gap Program 2016). This type of integrative 
approach to analyzing land-use change has already been implemented on a larger scale. 
However, the research performed here shows that NDVI and satellite imagery can be 
used at a finer, more regional or local scale to get a first look at land use patterns in an 
area. GAP analyses, such as South Carolina’s 2001 report, provide extremely detailed 
information about land cover class and species distributions. While extremely helpful, 
GAP analyses are very resource-intensive and therefore cannot be updated often. The 
approach performed here can be used by local, state, and federal agencies in order to 
more quickly and affordably update knowledge about urbanization and land use patterns, 
especially in areas of high population growth and development. 
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Table 1: 12 Land Cover Classes Present Within I-85 Study Area 
Land Cover 
Class 
Total Area in 
1992 (km2) 
Mean 
NDVI 
(1992) 
Mean 
NDVI 
(2015) 
Mean NDVI 
(2015) USGS 
Cutoff 
Mean NDVI 
(2015) 2 Std 
Dev. Cutoff 
Mesic deciduous 
forest/woodland 
1,711,972.8 0.511 0.458 0.461 0.467 
Dry scrub/shrub 
thicket 
689,698.8 0.459 0.434 0.442 0.447 
Closed canopy 
evergreen 
forest/woodland 
489,073.5 0.484 0.434 0.442 0.492 
Bottomland/flood
plain forest 
251,343 0.538 0.472 0.479 0.493 
Needle-leaved 
evergreen mixed 
forest/woodland 
246,554.1 0.484 0.441 0.449 0.461 
Grassland/pasture 167,947.2 0.418 0.419 0.430 0.431 
Mesic mixed 
forest/woodland 
104,499 0.486 0.434 0.444 0.457 
Open 
canopy/recently 
cleared forest 
81,774.9 0.488 0.442 0.501 0.460 
Wet scrub/shrub 
thicket 
53,107.2 0.512 0.464 0.472 0.483 
Dry deciduous 
forest/woodland 
28,683.9 0.548 0.485 0.489 0.503 
Pine woodland 2,301.3 0.490 0.433 0.438 0.456 
Dry mixed 
forest/woodland 
432.9 0.495 0.407 0.423 0.450 
 
The 12 land cover classes analyzed within the I-85 study area, listed here in order of 
greatest to smallest total area size in 1992. Additional data provided indicates the mean 
NDVI for each individual land cover class in 1992 and 2015. The mean NDVI for the 
USGS cutoff was calculated according to the methods, in which all NDVI values for the 
land cover class below 0.2 were deleted. The mean NDVI for the 2 standard deviations 
cutoff was calculated by deleting all NDVI values for each land cover class that were 
below two standard deviations from the mean. 
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Figure 1: I-85 Corridor with 20km Buffer that Made Up My Study Area 
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Figure 2: I-85 Corridor with 20 Land Cover Classes 
 
Each color represents a different land cover class. 
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Table 2: Dates and Information for Satellite Images Collected in 1992 and 2015 
Path/row Date Recorded 
17/36 05-11-92 
18/36 05-18-92 
17/36 05-11-15 
18/36 05-02-15 
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Table 3: USGS guidelines with vegetation/NDVI cutoffs 
NDVI Value Range Vegetation Type 
0.1 or less Barren rock, sand, snow 
0.2 – 0.5 Sparse vegetation: shrubs, grasslands, 
senescing crops 
0.6 – 0.9 Dense vegetation: temperate or tropical 
forests, crops at peak growth stage 
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Figure 3: Absolute Loss in Area for Land Cover Classes 1992-2015 
 
 
 
 
 
 
Figure 3: Total area in km2 lost from 1992 to 2015 based on changes in NDVI values. 
Black bars calculate the area lost based on a cutoff value we calculated for each land 
cover class (i.e. if 2015 NDVI values were lower than two standard deviations below the 
mean NDVI for each land cover class in 1992). Gray bars calculate the area lost by 
assessing whether NDVI values in 2015 were lower than 0.2, which is a cutoff used by 
the USGS. Land cover classes are listed in order of descending total area in 1992.  
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Figure 4: Percentage of Land Lost for Land Cover Classes 1992-2015 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4: Percent of area lost from 1992 to 2015 for each land cover class. Black bars 
represent the percent based on our two standard deviation cutoff for each land cover 
class, and gray bars represent the percent lost based on the USGS NDVI cutoff of 0.2. 
Land cover classes are listed in order of descending total area in 1992. In all land cover 
classes, the more realistic cutoff values provide a higher percentage of land lost than 
conservative values.  
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Figure 5: Correlation Analysis of Land Cover Class Area Compared to Percent Area Loss 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Correlation analysis of land cover class area in 1992 compared to percent area 
loss in 2015. For both cutoff analyses, no significant correlation was found between the 
amount of area in each land cover class and the percent of area loss in 2015. Figure 5A 
represents the analysis performed for the conservative USGS cutoff of 0.2 NDVI 
(rs=0.021, p=0.945574, df=10), while Figure 5B represents the realistic two standard 
deviations from the mean NDVI for each land cover class (rs=-0.3636, p=0.246848, 
df=10). 
0
1
2
3
4
5
6
7
8
0 200 400 600 800 1000 1200 1400 1600 1800
P
er
ce
n
t 
o
f 
A
re
a 
L
o
st
Land Cover Class Area (km2)
5A: USGS Cutoff
0
2
4
6
8
10
12
14
16
18
20
0 200 400 600 800 1000 1200 1400 1600 1800
P
er
ce
n
t 
o
f 
A
re
a 
L
o
st
Land Cover Class Area (km2)
5B: 2 Standard Deviations from Mean NDVI
39 
 
Figure 6: Effect of Seasonal Variation and Land Use on NDVI Values 
Figure 6: Effect of seasonal variation and land use on NDVI values for each cutoff. Black 
bars represent the proportion of land loss attributed to land-use change, and gray bars 
represent the proportion of land loss attributed to seasonal variation. Land cover classes 
are listed in descending total area in 1992. Figure 6A represents the proportion of 
0
10
20
30
40
50
60
70
80
90
100
P
ro
p
o
rt
io
n
 o
f 
N
D
V
I 
C
h
an
g
e
6A: USGS Cutoff
Land Use Variation
0
10
20
30
40
50
60
70
80
90
100
P
ro
p
o
rt
io
n
 o
f 
N
D
V
I 
C
h
an
g
e
6B: 2 Standard Deviations Cutoff
Land use Variation
40 
 
seasonal variation versus land-use change for the USGS cutoff of 0.2. Figure 6B 
represents the proportion of seasonal variation versus land-use change for the two 
standard deviation cutoff value. 
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Figure 7: Nearest Neighbor Analysis 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 7: Change in nearest neighbor ratio from 1992 to 2015. A negative nearest 
neighbor ratio change value indicates an increase in clustering within the land cover 
class, while a positive change value indicates dispersal in the land cover class. 
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Appendix A: 27 Land Cover Classes Identified by SC DNR and South Carolina 
Cooperative Fish and Wildlife Research Unit. Adapted from SC DNR (2001). 
Value Land Cover Class 
1 Aquatic Vegetation 
2 Beach 
3 Bottomland/Floodplain forest 
4 Closed canopy evergreen forest/woodland 
5 Cultivated land 
6 Dry deciduous forest/woodland 
7 Dry mixed forest/woodland 
8 Dry scrub/shrub thicket 
9 Fresh water 
10 Grassland/pasture 
11 Marine water 
12 Maritime forest 
13 Marsh/emergent wetland 
14 Mesic deciduous forest/woodland 
15 Mesic mixed forest/woodland 
16 Needle-leaved evergreen mixed 
forest/woodland 
17 Open canopy/recently cleared forest 
18 Pine woodland 
19 Pocosin 
20 Rock outcrop 
21 Sandy bare soil 
22 Swamp 
23 Urban development 
24 Urban residential 
25 Wet evergreen 
26 Wet scrub/shrub thicket 
27 Wet soil 
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Appendix B: Example Attribute Table for SC Land Cover Class Data 
Point 
ID 
X-Coord. Y-Coord. NDVI 1992 NDVI 2015 NDVI Change 
1 463448.439235893 3890340 0.60693600000 0.54966500000 -0.05727100000 
2 463388.439235893 3890190 0.58823500000 0.50989800000 -0.07833700000 
3 462068.439235893 3889290 0.39495800000 0.53137200000 0.13641400000 
4 462098.439235893 3889260 0.46564900000 0.53174200000 0.06609300000 
5 462128.439235893 3889260 0.45312500000 0.53576600000 0.08264100000 
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Appendix C: Rainfall Data for Greenville-Spartanburg Area in 1992 & 2015. Adapted 
from the National Weather Service. 
Month 1992 Precipitation 
(inches) 
2015 Precipitation 
(inches) 
Normal 
Precipitation 
(inches) 
January 2.50 3.86 3.82 
February 6.12 3.46 3.97 
March 5.45 2.09 4.52 
April 4.81 6.18 3.36 
May 5.03 3.00 3.76 
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Appendix D: Comparisons of Monthly Mean Precipitation Totals 1992-2015 
 
 
 
 
 
 
 
Appendix D: There was no significant difference when I compared monthly mean 
precipitation values from 1992-2015 (January to May) (t=1.16, df=8, p=0.27). 
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